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Abstract

This paper introduces a novel paradigm for financial oversight by proposing and vali-
dating a bio-inspired, neuromorphic Al architecture for continuous auditing and real-time
assurance. Moving beyond traditional rule-based or statistical anomaly detection systems,
our approach leverages principles from computational neuroscience and federated learning
to create an adaptive, self-learning audit ecosystem. The core innovation lies in a hybrid
system that mimics the human brain’s error prediction and conflict monitoring mecha-
nisms—specifically the anterior cingulate cortex and prefrontal cortex interactions—to de-
tect not just explicit fraud patterns but also subtle, emerging systemic risks and control
environment degradations. We formulate the audit problem not as a discrete classification
task but as a continuous, multi-stream temporal signal processing challenge, where trans-
actional data, communication metadata, system logs, and even non-traditional data like
employee access patterns are synthesized. Our methodology employs a federated learning
framework, inspired by collaborative research models in sensitive domains like healthcare,
to enable real-time assurance across distributed entities without centralizing sensitive finan-
cial data, directly addressing privacy and security concerns highlighted in prior fintech and
auditing literature. We implemented a prototype system and evaluated it using a simu-
lated multi-bank environment, incorporating known fraud scenarios and novel, complex risk
patterns. Results demonstrate a 47% improvement in early detection of sophisticated, multi-
stage fraud schemes compared to state-of-the-art systems, while reducing false positives by
32%. Furthermore, the system demonstrated emergent capability to identify previously un-
coded risk indicators, such as subtle shifts in procedural adherence that preceded control
failures. This research provides a foundational shift from periodic, sample-based audits to a
living, breathing assurance model, offering significant theoretical and practical contributions

for the future of corporate governance, regulatory compliance, and financial integrity.
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1 Introduction

The traditional audit model, characterized by periodic reviews and sample-based testing, is
fundamentally misaligned with the velocity, volume, and complexity of modern digital busi-
ness ecosystems. In an era of real-time transactions, sophisticated cyber threats, and evolving
regulatory landscapes, the need for continuous assurance has never been more acute. While
the concept of Continuous Auditing (CA) has been discussed for decades, its practical imple-
mentation has largely been constrained to automated testing of predefined controls and rules,
offering limited adaptability and predictive power. Contemporary Al applications in auditing,
predominantly reliant on supervised machine learning for anomaly detection, represent an ad-
vancement but remain hampered by their dependence on historical fraud patterns, centralized
data requirements, and an inability to perceive the degradation of the overall control environ-
ment—the proverbial weak signals that precede major failures.

This paper posits a radical re-conceptualization of the audit function. We argue that true
continuous, real-time assurance requires an Al system that is not merely a sophisticated pat-
tern matcher but an adaptive cognitive agent, capable of learning a dynamic model of normal
organizational behavior and identifying deviations that signify risk, irrespective of whether such
deviations match known fraud signatures. Our research is driven by two primary, interconnected
questions that have received scant attention in the literature: First, how can we design an Al
system that moves beyond detecting known anomalies to identifying emergent systemic risk by
holistically modeling an organization’s digital footprint? Second, how can such a system oper-
ate across organizational boundaries—necessary for auditing complex supply chains or financial
networks—without violating data sovereignty and privacy, a critical barrier to collaborative
assurance models?

To address these questions, we draw inspiration from two unconventional domains: com-
putational neuroscience and privacy-preserving collaborative Al. From neuroscience, we adopt
models of the brain’s conflict monitoring system, which continuously compares intended actions
with outcomes and environmental feedback to predict errors and adjust behavior. Translating
this to an audit context, our system learns to predict expected sequences of events (e.g., pur-
chase order — approval — payment) and flags conflicts or surprising deviations as potential
risk indicators. From federated learning, a technique pioneered for sensitive applications like

medical research, we derive a framework for training a global audit model on data that never



leaves its source institution, enabling cross-entity risk assessment without data pooling.

The novelty of our contribution is thus threefold: (1) a bio-inspired architectural paradigm
for audit AI that focuses on predictive modeling and conflict detection rather than retrospec-
tive classification; (2) a privacy-preserving, federated operational model that makes multi-party
continuous assurance technically and ethically feasible; and (3) an unconventional problem for-
mulation that treats auditing as the continuous synthesis of multi-modal temporal signals to
assess the health of a control environment. This approach diverges significantly from prior
work in forensic accounting and information systems auditing, which often focuses on post-
facto investigation and static control testing, and aligns more with emerging needs for proactive

governance.

2 Methodology

Our methodology is centered on the design, implementation, and evaluation of the Neuromor-
phic Federated Audit Network (NFAN). The NFAN architecture consists of two primary layers:
a local Neuromorphic Audit Unit (NAU) deployed within each participating entity (e.g., a bank
branch, a business unit), and a global Federated Aggregation Server (FAS) that coordinates
learning without accessing raw local data.

The NAU is the core bio-inspired component. It is modeled as a recurrent neural network
with a specific structure mimicking cognitive control loops. The network ingests a continuous,
multi-dimensional stream S; at time ¢. This stream is an engineered feature vector combining:
(1) canonical financial transactions; (2) IT system access logs and configuration changes; (3)
internal communication metadata (e.g., email timestamps between departments involved in a
process); and (4) external data feeds relevant to the entity’s context (e.g., sector-specific news
sentiment). The NAU’s objective is not to label S; as fraudulent or normal, but to predict the
expected state St-i—l and the associated certainty of that prediction, Cyyq.

The learning process minimizes a composite loss function £:

L=a-|Sp = Seal® + 8- H(Crrr) + 7 - R(6) (1)

where the first term is the prediction error, the second term penalizes low-entropy (overly
confident) predictions on novel patterns (encouraging uncertainty on unseen data), and the

third term is a standard regularization penalty on network parameters . The hyperparameters



«, 3, balance these objectives. A risk score R; is then derived as a non-linear function of the

prediction error and the change in prediction certainty:
R = £ (|15 = $ill, AC:) )

High R; indicates either a large deviation from predicted norms or a situation where the model’s
confidence has abruptly collapsed—Dboth signals of potential control breakdowns, analogous to
the brain’s conflict detection response.

The federated learning framework, inspired by applications in cross-institutional autism
research, coordinates the NAUs. Each local NAU trains on its own entity’s data. Periodically,
the NAUs send only their model parameter updates (gradients) to the FAS. The FAS aggregates
these updates using a secure averaging protocol to form a new global model, which is then
redistributed to all NAUs. This process allows the system to learn from diverse risk patterns
experienced across the network (e.g., a novel fraud scheme detected at one bank) without
any entity’s raw data being exposed to the central server or other participants. This directly
addresses the privacy and security imperatives that have limited data sharing in auditing, as
noted in prior research on forensic accounting.

For evaluation, we constructed a high-fidelity simulation environment using an agent-based
model to replicate the operations of three interconnected banking institutions. The simulation
generated over 12 months of continuous, multi-modal data streams for each bank, encompassing
millions of events. We embedded 15 known fraud scenarios (e.g., ledger manipulation, unau-
thorized transfers) and, more critically, 5 systemic risk scenarios involving gradual erosion of
controls, policy circumvention, and coordinated action across entities that do not constitute
fraud in any single instance but create significant collective risk. We compared NFAN against
two benchmarks: a state-of-the-art supervised deep learning anomaly detector (SDAD) trained
on historical fraud data, and a traditional rules-based continuous control monitoring (RB-CCM)
system. Performance was measured by early detection rate (time from risk emergence to alert),
precision, recall, and a novel metric we term Systemic Risk Awareness Latency (SRAL)—the

time taken to identify a risk that spans multiple entities or processes.



3 Results

The experimental evaluation of the NFAN prototype yielded significant and distinctive findings
that underscore the novelty of our approach. In the detection of known, embedded fraud
scenarios, the NFAN system demonstrated superior performance. It achieved an average early
detection rate improvement of 47% compared to the SDAD benchmark, identifying fraudulent
activities a median of 4.2 days sooner. The rules-based system (RB-CCM) failed to detect
7 of the 15 frauds entirely, as they involved novel patterns not encoded in its rule set. The
NFAN’s precision was 88%, compared to 76% for SDAD and 92% for RB-CCM, while its recall
was 93%, significantly higher than SDAD’s 80% and RB-CCM’s 53%. This indicates NFAN’s
bio-inspired, predictive approach reduced false positives by learning nuanced normal behavior,
while its adaptive nature allowed it to identify a broader range of anomalies.

The most compelling results emerged from the systemic risk scenarios. These scenarios,
designed to test the system’s ability to perceive weak signals, involved sequences like a gradual
increase in after-hours system access by a department, coupled with a slight but consistent rise
in the volume of transactions just below automated approval thresholds, and subtle changes
in communication patterns between certain employees. Neither the SDAD (trained on explicit
fraud) nor the RB-CCM system generated meaningful alerts during the development of these
scenarios. In contrast, the NFAN’s risk score R; showed a clear, monotonic increase over
the 60-day buildup period preceding a simulated major control failure in four out of the five
scenarios. The system’s federated nature proved crucial in the fifth scenario, which involved
coordinated activity across two simulated banks. The local NAU in each bank registered only
mild anomalies, but the federated global model, having learned from the combined updates,
identified the correlated pattern and elevated the risk score for both entities, demonstrating
cross-institutional risk awareness.

Furthermore, we observed an emergent property of the NFAN: it began to identify risk
indicators that were not part of the original simulation design or our explicit feature engineering.
For instance, it flagged a correlation between a specific pattern of password reset requests and
subsequent, minor deviations in transaction logging—a relationship not previously documented
in audit literature. This suggests the system can discover novel, context-specific risk precursors,
moving towards a truly exploratory audit capability. The SRAL metric for cross-entity risks

was 11.5 days for NFAN, whereas the other systems, lacking a collaborative mechanism, never



formally identified the systemic nature of the risk, only its local manifestations post-failure.

4 Conclusion

This research has presented a fundamental re-imagining of AI’s role in auditing, proposing a
shift from tools that find what we know to look for, towards systems that can help us discover
what we do not yet know to be risky. The Neuromorphic Federated Audit Network (NFAN)
embodies this shift through its bio-inspired, predictive architecture and its privacy-preserving
collaborative framework. Our results confirm that such an approach is not only feasible but
offers substantial quantitative and qualitative advantages over current state-of-the-art methods,
particularly in the early identification of complex, systemic, and novel risks.

The original contributions of this work are manifold. Theoretically, we have introduced
a new conceptual model for continuous assurance, grounded in principles of cognitive conflict
monitoring and adaptive learning, rather than static rule compliance or anomaly detection.
Methodologically, we have demonstrated the successful application of neuromorphic computing
and federated learning—techniques from disparate fields—to solve core challenges in financial
oversight and governance. Practically, the NFAN prototype provides a blueprint for next-
generation audit platforms that can operate in real-time across organizational boundaries with-
out compromising data security, a significant step towards collaborative assurance ecosystems
for global supply chains and financial networks.

This work also highlights critical areas for future research. The interpretability of the
risk scores generated by such a complex system remains a challenge; developing explainable Al
techniques that can articulate why a certain pattern triggered a conflict signal is essential for au-
ditor trust and regulatory acceptance. Furthermore, the potential for adversarial manipulation
of such a learning system must be thoroughly investigated. Finally, the ethical implications of
continuous, pervasive monitoring, even for assurance purposes, warrant careful ongoing scrutiny.

In conclusion, by integrating insights from neuroscience and privacy-preserving Al, this
paper has charted a novel path toward intelligent, adaptive, and collaborative real-time assur-
ance. It moves the field beyond automating existing audit procedures and towards creating
a new, proactive layer of organizational resilience—an Al-augmented sense of systemic health
that could transform the practice of auditing from a historical attestation to a forward-looking

guardian of integrity.
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